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With enormous success in both science and engineering, the recent advances in evolution-
ary computation—particularly memetic computing—is gaining increasing attention in the
molecular optimization community. In this paper, our interest is to introduce a memetic
computational methodology for the discovery of low-energy stable conformations—also
known as the stereoisomers—of covalently-bonded molecules, due to the abundance of
such molecules in nature and their importance in biology and chemistry. To an optimiza-
tion algorithm, maintaining the same set of bonds over the course of searching for the
stereoisomers is a great challenge. Avoiding the steric effect, i.e. preventing atoms from
overlapping or getting too close to each other, is another challenge of molecular optimiza-
tion. Addressing these challenges, three novel nature-inspired tree-based evolutionary
operators are first introduced in this paper. A tree-structured covalent-bond-drivenmolec-
ular memetic algorithm (TCM-MA)—tailored specifically to deal with molecules that in-
volve covalent bonding but contain no cyclic structures using the three novel evolutionary
operators—is then proposed for the efficient search of the stereoisomers of ring-deficient
covalently-bondedmolecules. Through empirical study using the glutamic acid as a sample
molecule of interest, it is witnessed that the proposed TCM-MA discovered as many as up
to sixteen times more stereoisomers within as little as up to a five times tighter computa-
tional budget compared to two other state-of-the-art algorithms.
© 2012 Elsevier Ltd. All rights reserved.
1. Introduction
Amino acids, which are the building blocks of proteins, are covalently bonded and are essential for life, constituting
the structure and machinery of living organisms [1]. Most drugs – if not all – are also covalently bonded [2,3]. Recent
studies show that different functions may be assumed as the molecules adopt various low-energy stable conformations,
allowing selective or preferential interactions with different systems [4–7]. One particular example of such molecules is
the glutamic acid, a major neurotransmitter in the central nervous system that plays a key role in brain functions including
learning and memory and neurological disorders [8]. The glutamic acid can adopt several low-energy stable conformations,
enabling it to selectively interact with glutamate receptors and transporters [9,10]. Some conformations are reported to
activate glutamate receptors. Others are speculated to inhibit glutamate transporters. Over-activation or inhibition of the
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glutamate receptors or transporters, respectively,may escalate into neurotoxicity [11,12]. Drugs of the glutamate analogues,
for instance, are more effective in some conformations than others. This suggests that identification of the stereoisomers,
the various structural configurations of low-energy stable conformations that share the same set of covalent bonds, of the
glutamic acid may help scientists in designing more effective drugs. At the same time, it may also help neuroscientists to
both understand the functions of this neurotransmitter at the atomic level and better clarify its impacts on the functions
and dysfunctions of the neurons.
Identifying stereoisomeric conformations thus advocates significant importance for revealing the structure–function
relationship of biomolecules but poses a huge challenge to researchers. Wet-lab experiments are possible but they
are normally expensive and require specially-tailored spectroscopic technology available at only a few finger-countable
laboratories worldwide. The computational approach then provides the more affordable alternative. Covalent bonds,
however, cause some difficulties for canonical optimization algorithms to maintain the same set of bonds over the course of
searching for stereoisomers. Other difficulties include avoiding the steric effect, i.e. preventing atoms from overlapping
or getting too close to each other. Expensive computation of the potential energy function, furthermore, restricts the
number of evaluations possible over the course of searching for stereoisomers in order to keep the overall computation time
reasonable. With a single evaluation lasting up to hours, the design of some efficient memetic computing methodology is
therefore undoubtedly necessary. Memetic computation represents the most recent advances in evolutionary computation
with enormous success in both science and engineering. Despite the success that the field has enjoyed, the design of
specialized memetic methodology for molecular optimization of covalently-bonded molecules has not been commonly
observed. In contrast to earlier works, introduced in this paper for the first time is the tree representation of a covalently-
bonded molecule where connectivity information about the covalent bonding in the molecule is embedded; using which
three novel nature-inspired tree-based evolutionary operators are then designed. A tree-structured covalent-bond-driven
molecular memetic algorithm (TCM-MA) that is tailored specifically to deal with molecules that involve covalent bonding
but contains no cyclic structures using the novel evolutionary operators is then proposed. This, in turn, allows the efficient
search of stereoisomers of some ring-deficient covalently-bonded molecules. In particular, the proposed algorithm, in its
course of evolution, produces mostly the stereoisomer candidates of the molecule and eliminates as many as possible of the
nonsensical structures of themolecule of interest. As such,most efforts are thereby concentrated on exploring the feasible or
near feasible search space. Empirical study using the glutamic acid [13] as a sample molecule of interest provides evidence
that the proposed TCM-MA is indeed more efficient, discovering as many as up to sixteen times more stereoisomers within
as little as up to a five times tighter computational budget, compared to two other competing algorithms.
In what follows, a formal formulation of the problem of finding stereoisomers of the covalently-bonded molecules shall
first be presented in Section 2. The canonical memetic framework along with their evolutionary operators, existing niching
strategies, and commonly-used individual-learning procedures are then presented in Section 3. Addressing the limitations
of the conventional evolutionary operators in Section 3, three novel nature-inspired tree-based operators are then proposed
in Section 4. Consolidating the three novel operators with the valley-adaptive clearing method as the niching strategy and
the GEDIIS method of Gaussian 09 as the individual-learning procedure, the TCM-MA shall conclude Section 4. In Section 5,
results from the empirical study of the proposed algorithm using the glutamic acid as a samplemolecule of interest are then
presented and discussed. Lastly, Section 6 concludes the contributions of the works presented in this paper and provides
plausible future research directions.
2. Problem formulation
The energy landscape has proven itself as a useful underlying conceptual framework in fields like protein folding and
docking as well as small molecule optimization [14,15]. It is formally defined as L = (X, f , d) in which X is the set of
all possible structural configurations of the molecule of interest, f : X → R the potential energy function of any single
structural configuration in X, and d : (X,X) → R the distance measure between any two structural configurations in
X. Every configuration x ∈ X of some molecule of interest is a vector of 3n real-valued variables representing the three-
dimensional Cartesian coordinates – measured in Angstroms (Å) – of the n atoms that make up the molecule. It should be
noted that X ⊂ R3n as not all vectors of 3n real values constitute the set of possible structural configurations of themolecule.
The isomers are defined as configurations that share the same set of atoms. Depending on whether or not these
configurations also share the same set of bonds, they are classified into stereoisomers and constitutional isomers.
Stereoisomeric configurations share the same set of bonds while constitutional isomers involve the process of breaking
some bonds and the formations thereof. On the energy landscape L, any stereoisomer x∗ is defined mathematically as
a stationary point where ∇f (x∗) = 0 and ∇2f (x∗) is positive-definite, hence one of the multiple minimum energy
conformations (x∗ ∈ X∗). This paper focuses on the discovery of as many as possible the stereoisomers of glutamic acid
as the sample molecule of interest. Oftentimes, researchers are only interested in good stereoisomers that are characterized
by the following properties [16].
• ∥∇f (x∗)∥ < λwhere λ is an infinitesimally small precision tolerance.
• ∀x|f (x)− f (x∗)| < ε ⇒ d(x, x∗) < γ where x ∈ X∗ \ {x∗}, ε and γ are the maximum acceptable similarities in the po-
tential energy and the structural configuration space, respectively, and d(x, x∗) is the USR structure dissimilarity [17–19]
between structure x and x∗.
• f (x∗) < fmax where fmax is a user-defined threshold of potential energy.
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3. Literature review
Memetic computing represents an emerging field within the context of evolutionary computation that has attracted
ever increasing research attention in the past decades, supported by a growing number of reported successes [20]. Memetic
computing was first introduced as the simple memetic algorithm (MA), the hybridization of population-level global search
and individual-level local refinement [21]. Inspired by Darwin’s theory of biological evolution and Dawkin’s notion of
cultural evolution, MAs facilitate two central yet competing goals of optimization, the search space exploration and
exploitation, thus allowing rapid convergence to the precise local optima. To-date, MAs have frequently been applied to
solving real-world problemsmore efficiently, particularly in various science and engineering designproblems [22], including
those with a medical nature. Employing MAs, higher-quality solutions are attained much faster than using traditional
evolutionary algorithms [23–28].
3.1. Initialization
Several samples of the entire search space are produced and assigned as the initial population during the initialization.
Therefore, a good sampling strategy is undoubtedly crucial. It is intuitive that too much bias towards a particular optimum
in the initial population would cost the algorithm longer evolution time or even failure to locate the other optima. Due
to the curse of dimensionality [29], a random initialization procedure based on uniformly distributed random numbers is
generally favored. Using such a procedure, a random number is generated for each of the chromosomes of every individual
in the initial population. When applied to covalently-bondedmolecular systems, however, it is intuitive that such a random
initialization procedure would easily produce nonsensical initial molecular structures as if covalent bonds are broken at
places where there should be such bonds and formed at places where there should not be any of them.
3.2. Canonical evolutionary operators: Crossover and mutation
In canonical evolutionary algorithms, random changes are induced through two operators: crossover and mutation. On
one hand, the crossover operator combines two parent chromosomes, based on the idea that the exchange of good genes
between parents will eventually produce better offspring. Many crossover operators have been proposed in the last few
decades. Among the most efficient are PBX [30], Laplace [31], and hill-climbing [32] crossovers. The mutation operator, on
the other hand, alters slightly the value of one or more chromosomes of the individuals in the population in an analogous
manner to the biological mutation. The mutation operator allows individuals to escape from some local optima to converge
to other local optima or to the global optimum. Among the most efficient mutation operators proposed recently are power
mutation [31], the Makinen–Periaux–Toivanen [33] mutation, and the uniform mutation [34]. However, these crossover
and mutation operators interpret the chromosomes as some linear vectors, and therefore, may not be suitable for the
optimization of the covalently bonded molecular system. Atoms that are supposedly close together due to some covalent
bonds could be far apart after the recombination as if the bonds are broken. This creates unnecessary exploration of the
search space as such structures have violated the covalent bonding of the original molecular structure of interest, and
therefore, need not be considered in the optimization process.
3.3. Explorative and exploitative memetic operators: Niching and individual learning
Unlike conventional evolutionary computing paradigm, multimodal memetic paradigm provides two main operators,
namely, niching and individual learning, to provide efficient exploration and exploitation of the landscape. Niching provides
ameans of finding and preservingmultiple stable niches, or the favorable search space regions, so as to avoid convergence to
a single solution. Among the most efficient and widely-used niching operators are the clearing [35], modified clearing [36]
and the valley-adaptive clearing (VAC) [37] techniques. As finding multiple stereoisomers is of utmost interest, the VAC as
the latest development of the clearing technique will be used throughout this paper. This is to complement the strengths of
the proposed tree-based initialization, crossover, and mutation operators by maintaining the population diversity at each
generation so as to find a larger number of stereoisomers within a smaller computational budget.
Additionally, the life-time learning of all or some individuals in the current population facilitates the goal of the search
space exploitation of every optimization algorithm. Searching for an optimum within some locality, hence the alternative
term ‘‘local search’’ or ‘‘local refinement’’, a learning operator refines an individual and allows rapid convergence of
that individual to some local optimum with sufficiently high precision. Individual learning operators include the first-
and second-order methods. Utilizing the first-order derivatives information of the objective function is the widely-used
steepest descent [38] method. Utilizing the additional second-order derivatives information of the objective function are
the Newton–Raphson [39] and the rational function optimization [40] method. In the absence of the analytical gradient and
Hessian matrix, the eigenvector-following optimization [41] method then estimates those quantities using a second-order
Taylor expansion of the objective function. In molecular optimization, the first three methods are frequently used since the
derivatives of the energy function are often available as they relate to quantities that are of interest to researchers in the
field. Recently, a hybrid geometry optimization method with energy-represented direct inversion in the iterative subspace
(GEDIIS) [42] was proposed. It minimizes an energy representation of the local potential energy surface in the vicinity of
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Fig. 1. Examples of non-stereoisomer candidates: (a) constitutional isomer candidate of glutamic acid; (b) nonsensical structure of glutamic acid.
previously evaluated structures as a least-square problem using some least-square minimization scheme and interpolation
as well as direct inversion in the iterative subspace. Designed specifically for large, floppymolecules and readily available in
the Gaussian 09 software package, the GEDIIS will be employed as the individual-learning operator throughout this paper.
4. Proposed methodology
The novelty of the proposed molecular memetic algorithm in this paper lies in the nature-inspired tree-based
evolutionary operators, which are capable of exploring the structural configuration space of the ring-deficient covalently-
bonded molecules more efficiently than any other canonical evolutionary operators. This is achieved by producing mainly
realistic structures of the molecules with a large portion containing its stereoisomer candidates and a small percentage its
constitutional isomer candidates. In the next section, this shall be witnessed through an empirical study of the proposed
algorithm. Working together with valley-adaptive clearing method as the niching strategy and the GEDIIS method of
Gaussian 09 as the individual-learning technique, the newly proposed tree-based evolutionary operators effectuate the tree-
structured covalent-bond-drivenmolecularmemetic algorithm (TCM-MA); the key components ofwhich shall be elaborated
in greater detail and discussed in the rest of this section.
4.1. Tree-based evolutionary operators
To recognize a molecule is covalently bonded constitutes the complete knowledge of all the covalent bonds present
therein. Optimizing the structure of such a molecule in the search for its stereoisomers is greatly challenged by the
maintenance of the existing set of covalent bonds without incurring any additional set of such bonds. In other words, the set
of covalent bonds of the molecule must remain the same. Unfortunately, conventional evolutionary operators discussed in
the previous section perform initialization aswell as crossover andmutationwithout any awareness of being constrained by
such bonding. As illustrated by the examples in Fig. 1, the resulting individuals can therefore be the nonsensical structures or
the constitutional isomer candidates of themolecule. Impossible bond lengths, improbable bond angles, and/or steric clashes
among atoms could have occurred very easily in the course of the evolution of the classical memetic algorithms. Involving
the process of breaking the covalent bonds and the formations thereof, these types of individuals are not of significance.
Hence, they require little or no attention, in the context of discovering stereoisomers. In fact, the inevitable evaluations
of the individuals of these kinds when using canonical memetic algorithms waste the precious computational time and
resources, considering that the calculation of potential energy, force, and frequency of a molecule with a few tens of atoms
could be very computationally intensive depending on the fidelity of the molecular model employed.
With all covalent bonds known a priori, the connectivity between any pair of atoms in the molecule can be quickly
embedded into a general tree structure prior to optimizing the structure of the molecule in the course of searching for its
stereoisomers. This one-time embedding then allows all subsequent operators, under the guidance of the constructed tree
structure, to produce meaningful – or at least close to meaningful – individuals. Pseudocode in Fig. 2 describes how the tree
should be constructed. A reference set, in addition to the tree, is also constructed. This reference set are pointers to the tree
nodes which are neither the root nor any leaf node. Crossover and mutation points can then be very quickly selected from
the reference set, allowing some tree traversals to be avoided which would otherwise bemore computationally demanding.
For illustration purposes, Fig. 3 portrays the constructed tree structure and the corresponding reference set of a glutamic
acid molecule when atom C3 is selected as a pivot.
4.1.1. Tree-based initialization
The random initialization procedure, as discussed in the previous section, simply randomize each chromosome of every
individual in the initial population within the range defined by some lower and upper bounds. In the molecular context,
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Fig. 2. Pseudocode of the construction of a tree representative of a covalently-bonded molecule.
these chromosomes correspond to the atomic coordinates of the molecule of interest. Randomization of the chromosomes,
therefore, would easily violate the covalent bonding within the molecule. Two atoms supposedly connected by a covalent
bond could end up being far apart from each other as though the covalent bond is broken after a random initialization, and
vice versa.
Inspired by the naturally-occurring rotamers, we propose in this subsection a tree-based initialization procedure.
Rotamers are basically a subset of stereoisomers in which the isomers can be interconverted through rotations about
some covalent bonds. Therefore, the atomic template of the molecule of interest must first be made available. This can
easily be downloaded from any publicly accessible databases [43–45] molecular modelling tools [46]. Guided by the tree
representative of the molecule and the corresponding reference set thereof, the tree-based initialization procedure then
performs a random rotation about the covalent bond between each atom represented as neither the root nor any leaf node
and its parent. In other words, a random angle shall technically rotate the subtree of every atom in the reference set about
the covalent bond between that particular atom and its parent. This procedure shall be repeated until the initial population
is fully populated. In this way, consequently, there is only a tiny probability of producing nonsensical structures of the
molecule as two atoms not connected by a covalent bond get too close to each other, causing steric clash. A small percentage
of constitutional isomer candidates of the molecule may also be produced as two atoms not connected by a covalent bond
come into contact with each other at the optimal distance for a covalent bond to form. Finally, the largest portion of the
initial population should intuitively be populated with the stereoisomer candidates of the molecule.
4.1.2. Tree-based crossover
Crossover in the course of searching for stereoisomers usingmemetic algorithms aims at exchanging the substructures of
themolecule of interest from two selected individuals in the populationwhile still maintaining the integrity of themolecule
itself. This implies that the resulting offspring must share the same sets of atoms and bonds with their parents. The use of
the canonical one-point or two-point crossover operator is often irrelevant since the molecule of interest is generally not
a linear sequence of pairs of covalently-bonded atoms. The use of the other conventional crossover operators discussed in
the previous section, unfortunately, could also produce rather easily the offspring that resemble none of their parents from
the molecular structure perspective. Blending the atomic coordinates of one parent with those of the other parent does not
necessarily produce offspring that have the good traits of both parents. For instance, a substructure of the first parent might
have already been optimal while the corresponding substructure in the second parent is not yet optimized. Hence, blending
the first with the second parent’s atomic coordinates of this substructure would result in an unoptimized substructure that
intuitively could also violate the covalent bonding within the molecule by producing impossible bond lengths, improbable
bond angles, or steric clashes between any two atoms.
In nature, it is known that similar structures of the functional groups, such as the amine and the carboxylic-acid groups of
the amino acids, are often observed across many different chemical compounds at their stable conformations. Motivated by
this, we propose in this subsection a tree-based crossover operator that exchanges a randomly selected substructure of one
parentwith the corresponding substructure in the other parentwithout altering their respective atomic coordinates. This, as
a matter of fact, resembles the canonical one-point crossover except for its linear nature; due to which it is possible to have
unexchanged substructures within the exchanged substructure as if there were multiple crossover points. The proposed
nature-inspired tree-based crossover operator first selects randomly two parent individuals. Following the pseudocode in
Fig. 4 to align the parent individuals by calculating the optimal rotation matrix that minimizes their RMSD, as adapted from
the Kabsch algorithm [47], the crossover operator then randomly selects one atom from the reference set as the crossover
point. All atoms in the subtree where the selected atom is the root node are then exchanged between the parent individuals.
An illustrative example with atom C5 selected as the crossover point is portrayed in Fig. 5. Due to the alignment, there exists
a minute probability of producing nonsensical structures of the molecule as two atoms not connected by a covalent bond
get too close to each other, causing steric clash. A small percentage of constitutional isomer candidates of the molecule may
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Fig. 3. Example of the tree representative of glutamic acid and the corresponding reference set thereof.
also be produced as two atoms not connected by a covalent bond come into contact with each other at the optimal distance
for a covalent bond to form. However, the largest portion of the produced offspring are the stereoisomer candidates of the
molecule.
4.1.3. Tree-based mutation
In the course of searching for stereoisomers using memetic algorithms, the use of conventional mutation operators
discussed in the previous section can be thought of as a form of local perturbations to individual atoms in some random
directions for some random distances. Undoubtedly, this could easily cause impossible bond lengths, improbable bond
angles, or the steric clashes between any atom pairs, thereby violating the original covalent bonding of the molecule of
interest. Many of the mutated offspring are therefore of negligible importance in the course of searching for stereoisomers,
wasting precious computational time and resources performing the CPU-intensive potential energy calculations. Amutation
operator that is capable of local perturbations to individual atoms in the feasible directions within reasonable distances is
thus of great significance.
Motivated by the bond-stretching mechanism in molecular dynamics simulations due to the atomic-level vibrations in
addition to the concept of rotamers introduced earlier, we propose in this subsection a tree-basedmutation operator capable
of inducing local perturbations to some covalent bonds through rotation and stretching. For rotation, the same technique
used in the tree-based initialization also applies here except that only a few– instead of all – atoms in the reference setwould
be selected to undergo this rotational mutation. For stretching, all atoms but one that corresponds to the root node can be
probabilistically selected to undergo mutation. Depending on the type of the selected atoms and their parents, different
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Fig. 4. Pseudocode of the alignment of parent individuals by means of the optimal rotation matrix.
Table 1
Bond length constraints.
Bond type Minimum bond length (Å) Maximum bond length (Å)
O–H 0.95 1.15
C–H 0.95 1.15
N–H 1.06 1.12
N–C 1.47 2.10
O–C 1.43 2.15
C–C 1.20 1.54
intervals govern the possible amount of translations in the directions of the covalent bonds between these atoms and the
parents. Table 1 tabulates the bond length constraints, as considered by domain experts, of several types of atom pairs
that will be considered in this paper, particularly in the empirical study in the next section. For illustration purposes, Fig. 6
portrays both the rotational and translational mutations. In practice, the choice between these two types of mutations is
assigned randomly, putting more emphasis on the rotational mutation with a 95%-to-5% probability over the translational
mutation.
Due to the local perturbation nature of mutation, there exists an extremely low probability of producing nonsensical
structures of the molecule of interest. It is highly unlikely that two atoms not connected by a covalent bond would get too
close to each other, thereby causing steric clash, after the mutation. As with the tree-based initialization operator, which
performs rotations about covalent bonds, a small percentage of constitutional isomer candidates of themolecule of interest is
anticipated. Two atoms not connected by a covalent bondmay come into contactwith each other at an optimal distance for a
covalent bond to form. Nevertheless, the largest portion of themutated offspring would still be the stereoisomer candidates
of the molecule of interest.
4.2. Tree-structured covalent-bond-driven molecular memetic algorithm
With thedetails of the proposednature-inspired tree-based evolutionary operators elaborated in theprevious subsection,
Fig. 7 shall then present the flowchart of the proposed tree-structured covalent-bond-driven molecular memetic algorithm
(TCM-MA). Embedding domain knowledge prior to commencing the search for stereoisomers in the form of tree-structured
connectivity information of the covalent bonding of the molecule of interest, the proposed molecular memetic algorithm is
expected to perform more efficiently than its conventional counterparts. Directed by the tree-represented covalent bonds
in populating the initial population as well as producing offspring through crossover and mutation, TCM-MA is anticipated
to spend most of its effort exploring regions of the search space that contain potential stereoisomer candidates with some
reservations for exploring regions of the search space that contain potential constitutional isomer candidates. The TCM-MA
might spend little or no effort exploring regions of the search space that contain only nonsensical structures of themolecule
of interest.
5. Results and discussions
To assess the efficacy of the proposed algorithm, an empirical study was performed using glutamic acid as the example
molecule of interest. The potential energy as well as its gradients and eigenvalues were calculated using an ab-initio
approach at the Hartree–Fock level of approximation with STO-3G basis set, which is available in the Gaussian 09 software
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Fig. 5. Illustrative example of tree-based crossover.
Table 2
Parameter settings.
Parameter Value
Population size 100
Maximum generation 50
Crossover probability 0.5
Mutation probability 0.5
ε 0.0001 Hartree
γ 0.04
λ 0.00035
Table 3
Performance measures.
Performance measure Description
Success rate The percentage of algorithm runs that successfully discover at least one stereoisomer
Discovered stereoisomers The average number of discovered stereoisomers among successful algorithm runs
Gaussian calls The average number of Gaussian calls for energy-related evaluations among successful algorithm runs
package. The algorithmic parameter settings used are as tabulated in Table 2. The comprehensive set of criteria presented
in Table 3 then serves as the various performance measures used to validate the algorithms considered.
In this section, relative performance of the proposed nature-inspired tree-structured covalent-bond-driven molecular
memetic algorithm (TCM-MA) as compared to the state-of-the-art Sequential Niching Memetic Algorithm (SNMA) [48] and
the conventional Stochastic Multi-start Local Search (SMLS) [49] is presented. Table 4 quantifies the average performance
over ten independent runs in terms of success rate, number of discovered stereoisomers, and number of Gaussian calls
during the course of finding the stereoisomers. With a 100% success rate, the TCM-MA is shown to outperform the other
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Fig. 6. Illustrative example of tree-based mutation: (a) rotational; (b) translational.
Fig. 7. Flowchart of the proposed tree-structured covalent-bond-driven molecular memetic algorithm.
Table 4
Performance of different algorithms over 10 independent runs.
TCM-MA SNMA SMLS
Success rate 100% 60% 40%
Discovered stereoisomers 47± 7 5± 2 3± 1
Gaussian calls 6,771± 574 30,185± 1,119 40,000± 2789
two algorithms significantly, discovering as many as up to 16 times more stereoisomers while requiring only as little as up
to one-sixth of the total computational budget incurred by the other two competing algorithms.
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Table 5
Performance of different initialization operators over 10 independent memetic algorithm runs.
Tree-based initialization Random initialization
Success rate 100% 2%
Discovered stereoisomers 46± 2 3± 0
Gaussian calls 12,639± 272 13,295± 423
Fig. 8. Relative percentage of glutamic acid stereoisomer candidates, constitutional isomer candidates, and physically nonsensical structures generated
by different initialization operators.
To provide detailed insights into the high efficacy of the proposed algorithm, the following three subsections shall provide
further empirical analyses of the individual contribution of each nature-inspired tree-based operator of the TCM-MA. In each
subsection, the proposed operator shall be compared with other commonly-used operators. Comparisons of algorithmic
performances under the use of different operators will first be presented and discussed. The number of potential candidates
for stereoisomers as well as constitutional isomers and the number of meaningless or impossible isomers produced by the
various operators will also be reported to complete the discussions.
5.1. Empirical study on initialization operators
In this section, the PBX crossover and the Makinen–Periaux–Toivanen (M–P–T) mutation operators are employed
and coupled with the valley-adaptive clearing method as the niching and the GEDIIS method as the individual-learning
operator. Performance of the molecular memetic algorithmwhen initialized using the proposed nature-inspired tree-based
initialization as opposed to when initialized randomly is then measured over ten independent runs. Note that atomic
coordinates are randomly sampled from the rectangular search space in the range of−5 and 5 Åwhen initialized randomly.
The success rate as well as the average number of stereoisomers discovered and Gaussian calls over the successful memetic
algorithm runs as tabulated in Table 5 clearly indicates that the tree-based initialization procedure outperforms the random
initialization procedure in all aspects. The percentage of potential isomers generated during the initialization as shown
in Fig. 8 intuitively explains the extremely low success rate and number of stereoisomers discovered when the random
initialization procedure was in use. Thus, it can be concluded that the proposed nature-inspired tree-based initialization
operator contributes significantly to the success of the molecular memetic algorithm in finding more stereoisomers within
a tighter computational budget.
5.2. Empirical study on crossover operators
To study the individual contribution of the proposed nature-inspired tree-based crossover operator to the efficacy of
the proposed covalent-bond-driven molecular memetic algorithm, ten independent runs of the memetic algorithm were
performed. This is done by employing the proposed tree-based initialization operator, the valley-adaptive clearing method
as niching operator, the GEDIIS method as individual-learning operator, and four different crossover operators while setting
the mutation probability to zero so as to isolate the reproductive contribution that is solely from the crossover operator
alone. It should be noted that tree-based crossover would require the initial population to be generated by means of tree-
based initialization. In Table 6, the summary of the average performance of the ten independent memetic algorithm runs
under different crossover operators is presented, from which it is observable that the key to 100% success rate is actually
the tree-based initialization coupled with the tree-based crossover operator. Without a tree-based crossover, the result in
Table 5 implies that the mutation probability cannot be zero in order to achieve a 100% success rate. In terms of number
of stereoisomers discovered, there is a slight decrease compared to the figure in Table 5 despite the use of the tree-based
initialization, probably due to the lack of mutation such that the memetic algorithm would fail to locate a small number of
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Table 6
Performance of different crossover operators over 10 independent memetic algorithm runs.
Tree-based crossover PBX crossover Laplace crossover Hill-climbing crossover
Success rate 100% 30% 30% 40%
Discovered stereoisomers 38± 4 5± 4 7± 3 9± 6
Gaussian calls 9,129± 3,046 12,355± 612 12,355± 612 17,693± 852
Fig. 9. Relative percentage of glutamic acid stereoisomer candidates, constitutional isomer candidates, and physically nonsensical structures generated
by different crossover operators.
promising neighboring valleys. However, an interesting observation is seen in terms of number of Gaussian calls. The use
of tree-based crossover seems to have complemented the strength of the tree-based initialization, reducing the number of
Gaussian calls as compared to the use of other crossover operators.
To explain this phenomenon, the number of potential stereoisomers as well as constitutional isomers and the number
of meaningless or impossible isomers produced by the four crossover operators during the course of the ten memetic
algorithm runs were computed. As summarized by Fig. 9, the tree-based crossover produces the largest number of potential
stereoisomers as well as constitutional isomers, and thus, is expected to accelerate the convergence of the individual-
learning operator. It is also observed that contrary to the other three crossover operators, the tree-based crossover produces
more potential candidates for stereoisomers than constitutional isomers. Upon producing meaningless structures or the
potential candidates for constitutional isomers, additional Gaussian calls would generally be expected to rectify these
structures before they can be refined so as to converge to some precise stereoisomers. A smaller number of Gaussian
calls when employing the tree-based crossover as opposed to when using the other three crossover operators, therefore,
is expected as the result.
5.3. Empirical study on mutation operators
Similar to the previous subsection, ten independent runs of the covalent-bond-driven molecular memetic algorithm –
employing the tree-based initialization operator, the valley-adaptive clearing method as niching operator, and the GEDIIS
method as individual-learning operator – were performed to study the individual contribution of the proposed nature-
inspired tree-based mutation operator to the efficacy of the proposed memetic algorithm. Likewise, it should also be noted
that tree-based mutation would require the initial population to be generated by means of tree-based initialization. In
contrast to the previous subsection, however, the crossover probability is the one that was set to zero while experimenting
with the four different mutation operators so as to isolate the reproductive contribution solely from the mutation operator
alone. In Table 7, a summary of the average performance of the ten independent memetic algorithm runs under different
mutation operators is presented, from which it is observable that the use of tree-based initialization is indeed evident to
100% success rate. Unlike in the previous subsection where a 100% success rate were not achieved whenever the tree-based
crossover was not in use, the less destructive perturbation effect of mutation as compared to that of the crossovermust have
participated in the 100% success rate achieved in this section regardless of the mutation operator in use.
In terms of number of stereoisomers discovered, it can be deduced from Tables 5–7 that setting the crossover probability
to zero deteriorates the performance significantly. This is understandable as with mutation alone, the memetic algorithm
would only be able to locate a small number of neighboring valleys, therefore having only a slim probability of finding new
stereoisomers. Like in the previous subsection, however, an interesting observation is seen in terms of number of Gaussian
calls. Nonetheless, only when the tree-based mutation operator was used will the number of Gaussian calls be reduced.
To explain this phenomenon, the number of potential stereoisomers as well as constitutional isomers and the number of
meaningless or impossible isomers produced by the four mutation operators in the course of the ten memetic algorithm
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Table 7
Performance of different mutation operators over 10 independent memetic algorithm runs.
Tree-based mutation Non-uniform mutation M–P–T mutation Power mutation
Success rate 100% 100% 100% 100%
Discovered stereoisomers 17± 1 2± 1 5± 0 4± 1
Gaussian calls 7,056± 565 37,862± 532 39,825± 185 41,894± 3,307
Fig. 10. Relative percentage of glutamic acid stereoisomer candidates, constitutional isomer candidates, and physically nonsensical structures generated
by different mutation operators.
runs were computed. As summarized by Fig. 10, the tree-based mutation operator produces the largest number of potential
stereoisomers, and thus, is expected to greatly accelerate the convergence of the individual-learning operator. Furthermore,
the nearly 100% potential stereoisomers generated by using the tree-basedmutation benefits thememetic algorithm in that
less effort would be spent on rectifying the potential constitutional isomers or the meaningless structures, thus requiring a
smaller number of Gaussian calls.
6. Conclusion and future works
An efficient tree-structured covalent-bond-driven molecular memetic algorithm (TCM-MA) is proposed in this paper,
employing the novel nature-inspired tree-based evolutionary operators. The proposed algorithm demonstrated a high
efficacy when an empirical study with glutamic acid as the example molecule of interest was conducted. The algorithm
successfully discoveredmore stereoisomers of themoleculewithin a tighter computational budget as compared to the state-
of-the-art Sequential Niching Memetic Algorithm (SNMA) [48] and the conventional Stochastic Multi-start Local Search
(SMLS) [49]. An in-depth experimentation with each of the three nature-inspired tree-based evolutionary operators shows
nonsensical structures of the glutamic acid molecule occupy only a tiny fraction of the produced offspring individuals. As
intended, the glutamic acid stereoisomer candidates become the dominant offspring individuals with a small percentage
of the constitutional isomer candidates of the molecule of interest. The use of these evolutionary operators in the TCM-
MA – preceded with construction of the tree representative of the connectivity information about covalent bonding in
the molecule of interest so as to restrain exploration of the search space to its most promising regions – then allows
the proposed molecular memetic algorithm to eliminate unnecessary efforts of searching in the infeasible solution space.
Coupling the proposed algorithm with the Feasibility Structure Modeling paradigm [22,50,51] in the near future, it is
envisaged that improved efficiency of the molecular memetic algorithm shall be attained, hence liberating much of the
precious computational time and resources for some other purposes including the search for the stereoisomers of other
molecules.
Glutamic acid, a major neurotransmitter in the central nervous system that plays a key role in brain functions and
neurological disorders [8], is one of many biomolecules essential for life. Recent studies show that different functions
may be assumed as these biomolecules adopt various low-energy stable conformations, allowing selective or preferential
interactions with different systems [4–7]. Henceforth, the identification of these conformations is of significant importance
when it comes to revealing the structure–function relationship of the biomolecules. Challenged by the difficulty in using
experimental methods for stereoisomer identification, the computational approach provides a more practical alternative.
Generalization of the proposed algorithm in the near future to cyclic ring-inclusivemoleculeswith the automatic selection of
the pivot atomwould thus allow stereoisomer identification of molecules like beta amyloid, which is a biomolecule of great
interest in the research of Alzheimer’s disease. This shows that the proposed algorithm with nature-inspired tree-based
evolutionary operators indeed paves the way for computational stereoisomer identification of important biomolecules.
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